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Statistical methods have proven invaluable tools for enhancing the quality of microarray analysis. In this study, we used diﬀerent
methods such as signiﬁcance analysis of microarrays (SAM) and Bayesian analysis of gene expression levels (BAGEL), to analyze the
same set of raw data in an attempt to maximize the chance of identifying genes whose expression were signiﬁcantly altered in gastric
cancers. In addition, we examined the utility of an additional set of reference in controlling the variances and enhancing the quality
of the results. Our results showed that BAGEL has the advantage of detecting small yet statistically signiﬁcant diﬀerences, which might
be of biological signiﬁcance. Furthermore, introducing an additional control into the BAGEL, we were able to minimize the inﬂuence of
the variances and signiﬁcantly reduce number of potential false positive hits. BAGEL incorporates a novel control signiﬁcantly improve
the sensitivity and speciﬁcity of gene expression proﬁling analysis.
 2007 Elsevier Inc. All rights reserved.
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Expression proﬁling using DNA microarray analysis
provides a powerful tool in identifying genes whose expres-
sion are speciﬁcally altered in cancer cells. Furthermore,
these data can be used to establish simpliﬁed signature pat-
terns of expression for diﬀerent types of cancer or for fur-
ther classifying a speciﬁc type of cancer into smaller
subtypes based on desirable characteristics [1]. Because of
the enormous amount of data generated from such an
experiment, the use of certain statistical analysis in such
an undertaking is empirical. To address this issue, many1532-0464/$ - see front matter  2007 Elsevier Inc. All rights reserved.
doi:10.1016/j.jbi.2007.01.002
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bta.net.cn (Y. Lu).new data analytic techniques were developed by the appre-
ciable eﬀort to eﬀectively identify diﬀerentially expressed
genes [2,3]. These methods mainly include fold changes,
t-statistics, moderated t-statistics [4,5], Bayesian approach-
es [6–8], and linear model/ANOVA based approaches [9].
It is clear that the use of diﬀerent statistical methods often
result in diﬀerent outcomes [10,11]. In particular, some
methods can be very conservative and therefore can lead
to high conﬁdence in identifying those positive hits that
are signiﬁcantly diﬀerent between the testing and the con-
trol samples. However, they are likely to lead the exclusion
of those hits of which the diﬀerences between the testing
and the control samples are less substantial but are never-
theless relevant. In order to accurately deﬁne the genes
expression proﬁling of gastric cancer (GC), one of the most
prevalent cancer type in China, we applied two statistical
tools, including signiﬁcance analysis of microarrays
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(BAGEL), to analyze the diﬀerentially expressed genes
between GC and common reference in our gastric cancer
microarray datasets. Common reference is a RNA-mixture
of 20 normal gastric mucosa tissues from non-tumor
patients. We also assessed their performance either in the
absence or presence of a novel control, which we have
developed for such analyses. This control estimates the
experimental variance by measuring the variances in ratio
of hybridization signal intensities between normal gastric
mucosa and common reference and therefore allows us to
take into account of the contribution of the experimental
variance during the analysis.2. Results
2.1. Diﬀerent results were obtained using current SAM and
BAGEL methods
The original dataset consists of expression proﬁle data
from 20 intestinal type GC versus common reference using
a 21,329-oligonucleotide microarray chip. The samples had
been histologically conﬁrmed and documented to be com-
patible age and gender for this analysis. The diﬀerentially
expressed genes between GC and common reference were
identiﬁed by SAM and BAGEL under various selection cri-
teria. The number of signiﬁcant genes was summarized in
Table 1. The relationship between the number of diﬀeren-
tially expressed gene and the selection criteria of ‘fold-
change’ (FC) levels as well as q-values were shown on the
supplementary ﬁle 1. q-value represents the lowest false dis-
covery rate at which a data point is deemed signiﬁcant. The
results of these two statistical tools were remarkably simi-
lar when the stringency was set at twofold diﬀerence or
higher. For example, at the stringency of ﬁve- and three-
folds both methods identify the same 149 and about 270
positive hits, respectively. However, when the stringencyTable 1
Comparing the numbers of signiﬁcant genes selected by various criteria of
‘fold-change’ (FC) levels and q-values
Fold-change Tools q-value
q = 0 q < 0.01 q < 0.03 q < 0.05
1 < FC < 1.5 BAGEL 301 1842 2642 3439
SAM 112 112 199 327
1.5 < FC < 2 BAGEL 991 2107 2260 2338
SAM 1110 1110 1297 1462
2 < FC < 3 BAGEL 760 899 903 905
SAM 746 746 779 813
3 < FC < 5 BAGEL 272 277 277 277
SAM 266 266 267 269
FC > 5 BAGEL 149 149 149 149
SAM 149 149 149 149
Total BAGEL 2473 5274 6231 7108
SAM 2383 2383 2691 3020was reduced below to 2, very diﬀerent results was obtained
using these two methods. For example at a criteria of
q < 0.01, SAM scored 1222 positive hits while BAGEL
detected these 1222 plus an additional 2727 positive hits
(supplementary ﬁle 2). The results of annotation showed
that among the extra 2727 genes identiﬁed by BAGEL,
1889 genes were known of diversiﬁed functions. Further lit-
erature analysis revealed that at least 90 of these genes had
been previously associated with cancer (See supplementary
ﬁle 3).2.2. The eﬀect of a novel control measure in data analysis
using BAGEL
A major potential confounding factor of current method
is the noise eﬀect contributed by experimental variances.
With regard to our study, we argue that the expression of
some genes might be inherently more variable than the oth-
ers among diﬀerent cancer or even among diﬀerent non-
cancer samples. Indeed, when we analyzed the original
dataset, we identiﬁed a number of genes whose expression
levels ﬂuctuate greatly among either cancer or non-cancer
samples, or both. For example, with the criteria of q = 0,Fig. 1. Graphical overview of diﬀerentially expressed genes identiﬁed by
BAGEL A total of 2473 diﬀerentially expressed genes were identiﬁed by
BAGEL in gastric cancer compared to common reference, according to
the criteria of q = 0. Hierarchical clustering of the data matrix consists of
2473 genes by 20 intestinal-type GC and 5 additional real normal gastric
mucosa samples. The result displayed the dramatic alterations of gene
expression in gastric cancer compared with common reference, but some
of them also happened in real normal gastric mucosa tissues when they
were compared to common reference. In addition, these 2473 genes cannot
completely classify the tumor and normal tissues. Columns represent
samples and rows represent genes, which are color-coded (black, green,
and red correspond to no-change, down-regulated, and up-regulated,
respectively). (A) Gastric tumor versus common reference. (B) Normal
gastric mucosa versus common reference. (For interpretation of the
references to color in this ﬁgure legend, the reader is referred to the web
version of this paper.)
Fig. 3. Graphical overview of speciﬁc genes expression changes in the
gastric cancer. After ﬁltering 1279 signiﬁcant genes changed in both tumor
and the normal gastric mucosa, we ﬁnally identiﬁed 1194 genes speciﬁcally
expressed in tumors based on the criteria of q = 0. Hierarchical clustering
analysis showed the dramatic variation of gene expression in tumors
compared with normal tissues, including 429 up-regulated genes and 765
down-regulated genes. These 1194 genes could completely discriminate the
cancerous and normal tissues. Columns represent samples and rows
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(Fig. 1). However, 1279 of these 2473 genes were also high-
ly variable among normal tissues (Fig. 2), with 70% of
them diﬀered by less than twofold, whereas 6% varied by
more than threefolds. These 1279 hits, therefore, may
reﬂect the variances that are unrelated to gastric cancer
speciﬁcally. Thus, we argued that by eliminating these, or
at least the ones that are variable among non-cancer sam-
ples, it might signiﬁcantly improve the validity of our result
from such a study. Indeed, we found that the 2473 hits
identiﬁed by BAGEL could not distinguish tumor versus
normal samples completely. However, after ﬁltering out
these 1279 hits, the remaining 1194 positive hits could be
used to accurately discriminate between the gastric cancer
and normal tissues based on a simple hierarchical cluster
analysis with average linkage algorithm (Fig. 3). This result
demonstrates that indeed the validity of the result of
BAGEL analysis can be improved by including our novel
control measure.
Furthermore, we have approved this observation with
receiver operating characteristic (ROC) curve analysis to
compare biomarkers selection using diﬀerent methods,
including single statistical analysis and incorporation of
novel control and statistical tools, SAM and BAGEL.
We selected the top 10 diﬀerentially expressed genes iden-Fig. 2. Graphical overview of 1279 genes diﬀerentially expressed in gastric
cancer and normal tissues. A total of 1279 genes diﬀerentially expressed in
both gastric tumors and normal gastric mucosa tissues compared to
common reference, according to the criteria of q = 0. Hierarchical
clustering graphically displayed the similar genes expression changes in
both tumors and real normal gastric mucosa tissues and 70% of those
genes were below to twofold-change. Columns represent samples and rows
represent genes, which are color-coded (black, green, and red correspond
to no-change, down-regulated, and up-regulated, respectively). (T):
Gastric tumor versus common reference (N): Normal gastric mucosa
versus common reference. (For interpretation of the references to color in
this ﬁgure legend, the reader is referred to the web version of this paper.)
represent genes, which are color-coded (black, green, and red correspond
to no-change, down-regulated, and up-regulated, respectively). (A) Gastric
tumor versus common reference and (B) Normal gastric mucosa versus
common reference. (For interpretation of the references to color in this
ﬁgure legend, the reader is referred to the web version of this paper.).tiﬁed by diﬀerent methods, and then performed the ROC
curve analysis for each gene. In this point, we focused on
how to get the accurate information of signiﬁcant genes
with low-fold changes, the genes with the criteria of
FC < 1.5 were used when comparison between BAGEL
and BAGEL with control. In fact, BAGEL is more sen-
sitive to detect signiﬁcant genes with low-fold changes
than SAM. This result showed that with the criteria of
1 < FC < 1.5, SAM with control failed to detect the sig-
niﬁcant genes associated with tumor. Therefore, we ana-
lyzed the genes with the criteria of FC < 2.0 for
comparison of SAM and SAM with control. The data
showed that the values of the area under the ROC curve
(AUC) for the genes selected by incorporation of novel
control and statistical tool were closer to 1.0, which indi-
cated that these genes might be more sensitive and spe-
ciﬁc for classiﬁcation. Otherwise, the genes selected by
statistical tool alone had the relative lower AUC values
(Tables 2 and 3). The ROC curves of three selected genes
in each comparison were shown on the Fig. 4. In addi-
tion, the summary ROC curves comparisons between dif-
ferent methods based on the top 40 selected genes were
presented in Fig. 5, which represented again that normal
to healthy controls can improve the sensitivity and spec-
iﬁcity of the methods.
Table 2
Summary of AUC values analysis for the top 10 genes selected by BAGEL and BAGEL with a novel control
BAGEL + Novel control BAGEL
Rank Gene AUC-value Fold-change Rank Gene AUC-value Fold-change
1 NM_006312 0.96 1.48 1 NM_006312 0.96 1.48
2 NM_024104 0.95 1.47 2 NM_002733 0.80 1.49
3 NM_003887 0.93 1.48 3 NM_016410 0.92 1.49
4 NM_002213 0.95 1.22 4 AB040976 0.77 1.49
5 NM_016410 0.92 1.49 5 AK024391 0.88 1.24
6 NM_014206 0.90 1.47 6 NM_015343 0.57 1.49
7 AK023576 0.91 1.47 7 AF286340 0.67 1.49
8 BC008506 0.98 1.44 8 AL359940 0.87 1.34
9 NM_003496 0.87 1.36 9 NM_024069 0.75 1.49
10 NM_002973 0.88 1.49 10 NM_014415 0.61 1.44
Table 3
AUC values analysis for the top 10 diﬀerentially expressed genes identiﬁed by SAM and SAM plus a novel control
SAM + Novel control SAM
Rank Gene AUC-value Fold-change Rank Gene AUC-value Fold-change
1 NM_002196 0.98 1.82 1 NM_002196 0.98 1.82
2 NM_000428 0.96 1.94 2 NM_020401 0.51 1.88
3 NM_006917 0.99 1.84 3 NM_005777 0.63 1.95
4 AL050201 1.00 1.92 4 NM_032872 0.77 1.99
5 NM_002620 0.98 1.83 5 NM_013254 0.61 1.68
6 AF151039 0.91 1.98 6 AB023164 0.79 1.94
7 NM_032927 0.97 1.71 7 AK054743 0.88 1.85
8 NM_001102 0.98 1.99 8 AL133611 0.82 1.74
9 NM_018269 0.96 1.71 9 NM_001832 0.46 1.82
10 NM_014453 0.96 1.90 10 NM_012433 0.62 1.97
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gastric cancer
We have shown that the use of BAGEL method resulted
in identiﬁcation of more positive hits than using SAM
when the threshold was set at less than twofold. Important-
ly, a signiﬁcant fraction of these additional hits identiﬁed
BAGEL but missed by SAM appear very likely to be true
positive. Thus, BAGEL appears superior in identifying
those positive hits that are less than twofolds diﬀerent
between cancer samples and non-cancer controls, but it
comes at the expense of having excessive number of falsepositive. Yet, for many important genes, such as those cod-
ing for growth factors or transcription factors, a small
change can have a signiﬁcant biological impact. To address
this important issue, we implemented our novel control
measure in BAGEL and SAM analyses to identify those
hits with small changes and hence were identiﬁed only by
BAGEL but not SAM and then examined their relevance
in gastric cancer biology. The results of this study showed
that the implementation of the control measure resulted in
a dramatic decrease in the total number hits identiﬁed by
both BAGEL and SAM, and the hits with small changes
identiﬁed by BAGEL (summarized in Table 4 and supple-
Fig. 4. Representation of the sensitivity and speciﬁcity comparison of selected genes using ROC curves. Following diﬀerentially expressed genes identiﬁed
by diﬀerent methods, the ROC curve analysis was performed for each gene. The data showed that the values of the area under the ROC curve (AUC) for
the top 10 genes selected by incorporation of novel control and statistical tool were generally more than that of the genes selected by statistical tool alone.
ROC curves comparisons shown here were (a) ROC curves for three genes selected by BAGEL with and without a novel control, respectively, (b) ROC
curves for three genes identiﬁed by SAM with and without a novel control, respectively.
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1 < FC < 1.5, 64 hits with small changes were identiﬁed
by BAGEL but not SAM. The biological and clinical sig-
niﬁcance of this list of 64 hits were then examined by per-
forming a test set prediction analysis using the PAM
method based on our novel dataset from extra microarray
experiments. The results showed that these 64 genes could
be potential candidates to recognize the tumor and normal
tissues in our new dataset, including 16 extra cases of GC
samples and 5 normal ones added into this analysis, or in
the simulated data generated by Bootstrap resampling
(Fig. 6).
More signiﬁcantly, functional annotation analysis
showed that some of these genes are involved in processes
and pathways that are related to human carcinogenesis,such as transcription factors and ionic channels. The sum-
mary of function categories for up-regulated and down-
regulated genes was represented in Table 5. In addition,
we have conﬁrmed that expression level of ﬁve selected
genes were consistent with microarray data using RT/
PCR analysis, (data not showed). What’s more, some of
these genes have been reported to be associated with
tumors (Table 6) in recent literatures, which also indicate
the validity of the analysis results of the genes with small
changes.
3. Discussion
Here we report our ﬁnding in using two diﬀerent statis-
tical models to analyze the same set of expression proﬁling
Fig. 5. Comparisons of diﬀerent methods using ROC curve. The summary ROC curves comparisons between diﬀerent methods was presented: (a)
comparison between BAGEL and BAGEL with control using the top 40 genes with the criteria of FC < 1.5; (b) comparison between SAM and SAM with
control using the top 40 genes with the criteria of FC < 2.0.
Table 4
The numbers of signiﬁcant genes after ﬁltering the non-tumor related
genes under diﬀerent selection criteria
Fold-change Tools q-value
q = 0 q < 0.01 q < 0.03 q < 0.05
1 < FC < 1.5 BAGEL 64 262 329 373
SAM 0 0 0 0
1.5 < FC < 2 BAGEL 337 546 564 567
SAM 40 40 41 42
2 < FC < 3 BAGEL 449 497 498 499
SAM 106 106 106 106
3 < FC < 5 BAGEL 212 215 215 215
SAM 100 100 100 100
FC > 5 BAGEL 132 132 132 132
SAM 100 100 100 100
Total BAGEL 1194 1652 1738 1786
SAM 346 346 347 348
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similar for the genes with high FC levels. However, for
the genes with the low FC levels, such as FC < 2, dramat-
ically diﬀerent (by as many as threefolds at q < 0.01) results
were obtained using these two methods. Further annota-
tion clearly indicated that a signiﬁcant number of the hits
from BAGEL analysis that were missed by the SAM
method might represent true positives. These variances
might come from the intrinsic diﬀerence between those
two methods. SAM is a modiﬁed t-test, which uses a fudge
factor-s0 (a small positive constant) to modify the statistic
value [19]. This modiﬁcation decreases its sensitivity in
detecting smaller changes [20]. On other hand, BAGEL
designed to detect both large and small diﬀerences. Town-
send had reported that small diﬀerences in gene expression
levels were readily detected by BAGEL, as it has additive
error terms and constrains samples to have a commonerror coeﬃcient of variation [21], but perhaps at the
expense of increasing the chance of detecting false posi-
tives. We showed, however, this shortcoming of the
BAGEL method could be greatly alleviated by simply
incorporating a control experimental setting into the
analysis.
In this new strategy, those positive hits that are identi-
ﬁed by both the testing analysis and the control analysis
are excluded from the ﬁnal list of positive hits and therefore
reducing the chance of miscalling. It should be noted that
those that are being excluded are not necessary false posi-
tive. Rather, this treatment simply provides an easy means
to reduce the potential miscalling and to increase the qual-
ity of the result. We argue that the incorporation of this
simple treatment into the BAGEL method alleviates a
major shortcoming of this otherwise very eﬀective method
and provides an improved alternative, which in our case,
resulted in a much better results than those based on either
SAM or BAGEL alone.4. Conclusions
BAGEL incorporates a novel control to estimate the
variances signiﬁcantly improve the sensitivity and speciﬁc-
ity of gene expression proﬁling analysis. The class predic-
tion analysis showed that 64 genes with small changes
would completely discriminate the gastric cancer from nor-
mal tissues.5. Materials and methods
5.1. SAM
Signiﬁcance analysis of microarrays (SAM) is a general
approach of detecting diﬀerential gene expression in DNA
Fig. 6. Class prediction analysis to verify the biological signiﬁcance of the
low fold-changed genes. We performed class prediction analysis by PAM.
Training set was the original microarray data. Test set data was obtained
from our novel microarray experiments. The results indicated that these 64
genes would predict tumor and normal tissues for our new dataset. PAM
classiﬁed tissues are indicated by (C-cancer), (N-normal). The Y-axis
represents the probability associated with the classiﬁcation of samples. (a)
Cross-validated probabilities in the training set. (b) Prediction of gastric
cancer and normal tissues in the test set. (c) Prediction of tumor and
normal tissues in the simulated dataset generated using Bootstrap
resampling.
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measuring the strength of the relationship between gene
expression and the response variable. It uses repeated per-
mutations of the data to determine if the expression of any
genes is signiﬁcant related to the response.5.2. BAGEL
Bayesian analysis of gene expression levels (BAGEL) is
a program that allows statistical inferences to be made
regarding diﬀerential gene expression between two or more
samples measured on spotted (two-channel) microarrays.
BAGEL inferred relative expression levels, statistical sig-
niﬁcance and other characteristics of the parameter distri-
butions [22].
5.3. Cluster and annotation tools
Hierarchical clustering of diﬀerentially expressed genes
was performed by Cluster 3.0 [23] and Genesis [24] using
the average linkage algorithm. The functional categories
for diﬀerentially expressed genes were analyzed by High-
Throughput GoMiner [25] and DAVID [26].
5.4. Class prediction and ROC curves analysis
Class prediction analysis was used by prediction analysis
ofmicroarrays (PAM) software available from the url http://
www-stat.stanford.edu/~tibs/ PAM [27]. Receiver operating
characteristic curves (ROC curves) analysis is used by ROC
packages in R [28] and MedCalc for Windows, version
8.2.1.0 (MedCalc Software, Mariakerke, Belgium).
5.5. Real data
The human genome oligonucleotide microarray was pre-
pared in CapitalBio Corporation (Beijing, China). A
Human Genome Oligo Set Version 2.1 consisting of about
22000 human genes was purchased from Qiagen Operon
Company. A total of 36 intestinal type GC samples were
obtained from Beijing Cancer Hospital and 25 normal gas-
tric mucosa biopsy specimens of non-cancer patients were
from Peking University First Hospital. Among these sam-
ples, 20 intestinal type GC samples was used for diﬀeren-
tially expressed genes analysis and training set while
other 16 samples for test set in prediction analysis. Among
25 normal gastric mucosa from non-cancer patients, 20 tis-
sues samples were mixed together as common reference
while additional 5 tissue samples were used for the hybrid-
ization between the normal gastric mucosa and common
reference. RNA was extracted with TRIZOL reagent
(Invitrogen, Gaithersburg, MD) and further puriﬁed with
a Nucleospin RNA Clean-up Kit (Macherey-Nagel, Ger-
many). Fluorescent dye (cy5 and cy3-dCTP) labeled
DNA was produced through a RNA ampliﬁcation method
and subsequent enzymatic reaction. The microarray exper-
imental procedures followed the method mentioned in the
previous published paper [29]. Arrays were scanned with
a confocal LuxScanscanner (CapitalBio Corp.), and images
were analyzed with SpotData software (CapitalBio Corp).
Since we employed two-channel microarray technology,
ﬂuorescent dye-labeled cDNA from each GC sample and
common reference were pooled to hybridize with one chip,
Table 5
Function categories for diﬀerentially expressed genes with 1 < FC < 1.5
Gene expression Function category Gene symbol
Up-regulated Cell_motility ROBO4
Cell_organization_and_biogenesis KIFC3 TRRAP
Transport C1QTNF5 KCTD10 KIFC3 ELK1
Nucleic_acid_metabolism PHF2 TRRAP MLL2 DNMT3A ASCC3L1 NCOR2 ELK1
Protein_metabolism MLL2 GRK6 TRRAP
Cell_communication TRRAP ITGB1BP1 HCRT GRK6 ITGB5 NKIRAS2 ELK1 UCN
Cell_diﬀerentiation ROBO4
Neurophysiological_process HCRT KIFC3
Locomotion ROBO4
Development DNMT3A ITGB5 ROBO4
Regulation_of_gene_expression__epigenetic DNMT3A
Down-regulated Cell_cycle HDAC7A ING4
Cell_death ING4 LTA DAPK2
Cell_motility CRK
Cell_organization_and_biogenesis HDAC7A COPA TINF2 CRK
Cell_proliferation ING4
Transport STX8 COPA COX17 KCNB2
Nucleic_acid_metabolism HDAC7A FALZ CRK DCTD ING4 SF3B5
Protein_metabolism MRPL27 ING4 CEL COX17 EIF3S12 LTA DAPK2
Cell_communication CD59 ASB8 CRK DAPK2 LTA
Cell_diﬀerentiation HDAC7A
Coagulation CD59
Localization STX8 COPA CEL COX17 KCNB2 CRK
Cell_activation HDAC7A
Digestion COPA
Immune_response HDAC7A CD59 LTA
Muscle_contraction KCNB2
Organismal_metabolism CEL
Regulation_of_body_ﬂuids CD59
Locomotion CRK
Development FALZ HDAC7A DGCR2
Table 6
Genes reported to be associated with tumors under the criteria of 1 < FC < 1.5
Symbol Function Reference
ROBO4 Angiogenesis [12]
TRRAP Repair of DNA double strand breaks [13]
DNMT3A DNA methyltransferase activity [14]
ELK1 Intestinal metaplasia [15]
CD59 Enhances the cytotoxicity of NK cells [16]
HDAC7A Modify chromatin/structure regulating gene expression [17]
ING4 Inhibit cell growth and induce apoptosis [18]
S. Zang et al. / Journal of Biomedical Informatics 40 (2007) 552–560 559and hybridization was performed in duplicate with dye-
reversal approach. Only those spots were accepted for fur-
ther analysis of which intensity in at least one channel
exceed the local background signal plus 3 standard devia-
tions. Then a space and intensity-dependent normalization
based on a LOWESS in the R language package (http://
www.R-project.org/) was employed to normalize the two-
channel ratio value [30].Acknowledgments
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